ABSTRACT Polarization light has been used as a key navigation cue by many animals under a stable celestial polarization pattern. Inspired by animals' unrivaled navigation skill, a bionic polarization sensor is designed previously to obtain the angle of polarization and degree of polarization. However, the accuracy and stability of the sensor are restricted by multi-source errors. In order to improve the accuracy of the sensor, in this paper, the multi-source errors are analyzed and modeled. A coarse calibration is presented to reduce the effect of inconsistency and interference. In addition, the extended Kalman filter and the unscented Kalman filter are designed to estimate the multi-source error or interference and compensate for the bionic polarization sensor. Finally, simulation and indoor experiments are conducted to validate the effectiveness of the proposed calibration method.
I. INTRODUCTION
When natural sunlight travels through the earth's atmosphere, it will interact with a molecule, and occur Rayleigh scattering, finally, forms a stable celestial polarization pattern. Guided by this polarization pattern, many animals show a special ability to derive high-accuracy navigation information during their foraging, homing, migration and other behaviors [1] . For example, desert ant Cataglyphis forages for food away from the nest up to hundreds of meters, when the ants find food, they make a return in an almost straight line [2] . The corresponding experiments show that the desert ants can calculate the direction of the nest based on the polarization skylight [3] , [4] . In order to compensate the accumulated navigation error during long-distance migration, a kind of migratory songbirds named Savannah sparrows uses the polarization skylight information as the common reference to recalibrate all the compass systems, such as the The associate editor coordinating the review of this manuscript and approving it for publication was Pietro Savazzi. compass information from the geomagnetic field, stars, and the Sun [5] . Recently, it was also found that the only mammal called mouse-ear bat obtains the orientation from polarization skylight to calibrate a magnetic compass [6] . There are many other animals are reported to have a special ability to navigate, forge, and home by use of polarization skylight, such as dung beetles [7] , honeybee [8] , migratory monarch butterflies [9] .
Inspired by the remarkable navigational skills of the animals, many researchers have designed various types of bio-inspired polarization navigation sensors to extract navigation information from the skylight. Generally speaking, there are two types of polarization light sensor based on different mechanism [10] . One is called the point-source polarimetry sensor, which consists of multiple photodetectors and wire grid polarizer to measure the intensity of light in a fixed observation direction. The navigation solution can be derived by measured light intensity from different channels polarimetry sensor at a certain time [11] , [12] . Lambrinos et al. designed a point-source polarized light sensor with six channels that successfully applied to a mobile robot for the first time [13] , but the measurement error of the polarization sensor was too large. Later, Chu et al. constructed a novel point-source polarization sensor to improve the measurement precision based on the similar principle [14] . The other is called image-based polarimetry sensor, which can be used to take polarization photo. The intensity response light along different observation directions in the field of view are calculated from the calibrated polarization image [15] , [16] . Comparing to the point-source polarimetry sensor, the imagebased polarimetry sensors are robust to the weather, with a larger field of view but with the high computational burden and high cost [10] , [17] . The main function for polarization sensor, whether point-source polarization sensor or image-based polarization sensor, is to calculate the angle of polarization (AOP) and degree of polarization (DOP), which are used to derive the heading information from the polarization sensor.
It is true that the calculation of AOP and DOP is restricted by many kinds of errors and disturbances, such as the installed errors, the inconsistent error of sensors, measurement noise, voltage bias, relative gain, and so on. Thus, it is a crucial issue for extracting the heading information to calibrate these errors and disturbances prior to use the polarimetry sensor. In order to improve the precision of the polarization sensor, researchers have done plenty of work. Zhao developed a robust error compensation algorithm to reduce the AOP and DOP errors in terms of least square (LS) support vector machine [18] , however, the voltage bias and relative gains were not considered. Chahl et al. gave a very simple and effective method to estimate the voltage bias and relative gains based on the sinusoidal response of the polarimeter channels [19] . Installation angle errors and voltage bias were analyzed and calibrated by developing a non-linear iterative LS algorithm in [12] , and the AOP error of post calibration with outdoor test data reaches up to 0.5 degree. In view of the fact that DOP of the calibrated light source is a constant, an LS calibration algorithm was presented in [20] , in which both reference AOP and constant DOP were used to solve the ill-posed calibration problem instead of only based on the reference AOP. In order to reduce the linearized error in [20] , an improved calibration approach was elaborately devised through multi-objective optimization method in [21] , and the optimized parameters were obtained by the non-dominated sorting genetic algorithm-II approach. For the response inconsistent error of Charge-coupled Device (CCD) cameras and misalignment angle errors of polarizing filters, Fan et al. combined the LS with linear optimization method producing an effective strategy to calibrate linear parameters and improve the measurement precision of polarization sensor [15] . The iterative LS algorithm was also used for a pixelated polarized light compass to estimate response error and installation error [17] , [22] . Recently, Yang et al. proposed a calibration approach based on the Unscented Kalman Filter (UKF) to estimate unknown parameters with light intensity coefficient, coupling coefficient, and noise in [23] . However, the installed error wasn't considered.
In this paper, we mainly concern about the point-source polarimetry sensor with six channels of multi-source errors. We analyze the multi-source disturbances or errors of the point-source polarimetry sensor, including the scale factor, the DOP coefficient, installation error of polarizers, and measurement noise. we also develop the multi-source error state and measurement model, which are used to calibrate the multi-source disturbances. The calibration method based on Extended Kalman Filter (EKF) and Unscented Kalman Filter (UKF) are used to improves the precision of AOP and DOP, and the comparison is conducted between the LS, EKF, and UKF in terms of the simulation and indoor calibration experiment.
The paper is organized as follows. In section 2, we introduce the sensor working principle and structure in detail. The sensor model and error analysis are described in section 3. In section 4, we design the calibration method. The experimental part is conducted in section 5, and finally, the conclusions are given in section 6.
II. BIO-INSPIRED POLARIZED NAVIGATION SENSOR A. PRINCIPLE OF SENSOR
For many insects, such as desert ant, bee, and cricket, the polarized skylight can be perceived and proceed in the dorsal rim area (DRA) of their compound eyes. The DRA contains an array of specialized ommatidia, which is distributed in the form of a sector. Each ommatidium has two sets of polarization-sensitive photo-receptors, which are used to mediate the orthogonal e-vector response. The DRA and ommatidium of cricket are shown by Figure 1 (a) in [2] .
When the DRA receives a piece of polarized light information, and sends it to the polarization-sensitive neurons (POL-neurons) to process. The response of POL-neurons is the sinusoidal function of e-vector orientation [23] . Figure 1 (b) shows the information processing of Photo-receptor channel in an ommatidium and corresponding normalized response [2] .
Ignoring the disturbances or errors, the intensity of output light is composed of two parts, natural light I 1 and linear polarized light I 2 . According to Marius's law, the ideal polarization sensor measurement model can be described as [2] , [24] :
where I represents the total intensity of incident light, I n is the intensity of output light, d is the DOP, φ is the AOP, and α i is the angle between the polarity direction of polarizers and the reference direction. When the scattering sunlight comes in, it is transformed into polarized light that satisfies the measurement requirements through the polarizer. The qualified polarized light converts the optical signals into electrical signals through photodiode, and finally, the electrical signal is transmitted to the computer for data processing, and the AOP and DOP are calculated. Polarization sensor information processing is shown in Fig. 2 .
B. POLARIZATION SENSOR STRUCTURE
According to the POL-neurons signal processing mechanism, the main structure of the polarized light sensor is designed to include a polarizer, photodiode, etc. The schematic diagram of the structure is shown in Fig. 3 . 
III. SENSOR ERROR ANALYSIS AND MODELING

A. SENSOR ERROR ANALYSIS
According to the real atmospheric polarization distribution pattern, the measurement and processing accuracy of the polarized light signal from the bionic polarization sensor is restricted by the multiple source disturbances or errors [23] , [25] . It mainly includes three types, the first type is the installation error of polarization sensor, the second is the multi-channel photoelectric two-stage tube transmission response coefficient, namely the scale factor and the multi-channel extinction ratio error, namely the DOP coefficient. The third type is the measurement noise of the polarization sensor.
The error of the polarization sensor installation is mainly caused by the inaccurate installation of polarizers and photodiodes. Theoretically, there are many groups of POL-neurons in the polarization sensor, and each group of POL-neurons in the direction of polarization is perpendicular to each other. The output signal is related to the polarizer in the direction of polarization of the installation. Taking a six-channel bionic polarization sensor as an example, every two-channel polarization sensor should be installed to an opposite and perpendicular. However, it is inevitable that the installation is not always orthogonal, which will result in a non-orthogonal error or installation error [20] . The six-channel polarization sensor should be designated to 0, π/2, π/3, 5π/6, π/6 and 2π/3, respectively. However, the installation errors always exit in the installation procedure of polarizers. As shown in Fig. 4 , a top view of the six-channel polarizers is given to describe the installed error. Solid lines in the circle are the ideal installed position of the principal axis of polarizers, and the dashed lines in the circle are the practical installed position of the principal axis of polarizers. The installed error denotes as
There is a small difference in the response of polarizer and photo-diode to the light signal in the polarization sensor, and the additive drift error exists after the photoelectric signal is converted into electrical signals by the photo-diode. After amplifying the electric signal by the circuit, there is a voltage amplitude multiplier error. The extinction ratios of different polarizers may be inconsistent, which may cause inconsistent errors in response. This kind of error is collectively referred to as the multi-channel photo diode transmission response coefficient, and it is also called the scale factor. When sunlight is scattered through the atmosphere, it becomes partial linear polarized light, and the performance of the polarization sensor in different channels differs, resulting in the extinction ratio error, and it is also called the DOP coefficient.
The measurement noise of polarization sensor is caused by electric noise, external environment and other stray light in the measurement process, which cannot be avoided. It is usually modeled by Gaussian distribution.
B. SENSOR MODEL
According to the signal processing mechanism of the POL-neuron unit, the six-channel bionic polarization sensor is considered as an example, is shown in Fig.2 (b) , and it has three groups of opposing POL-neuron-sensing units. As the incident light is linearly polarized, according to Marius' Law, the six-channel polarization sensor receives the same total light intensity. Considering the effect of sensor measurement on channel inconsistent response, including scale factor, DOP coefficient, installation error and measurement noise, then the sensor measurement model can be written as:
The installation error α i is be considered in the above equation, α i is assumed to be a constant. From the definition of AOP, we can choose the practical axis direction of channel 1 as the reference direction, then the installation angle error related to channel 1 is zero, which is α 1 = 0. Letα i = α i − α i , then the sensor measurement model with installed error can be described as:
where i = 1, 2, ...., 6 denotes the number of channels. I i represents the current value of photodiode output, K I i is scale factor and K d i is DOP coefficient.
Equation (5) can be expanded as:
Denote
then, equation (6) can be written as :
Equation (7) can be solved by the LS method:
The angle of polarization and degree of polarization for incident light are given bŷ
The calibration method proposed in this part takes into account the multi-source errors of the polarization sensor, including installation error, the scale factor, the degree of polarization coefficient and the measurement noise. A practical model of the sensor with the multi-source errors is established firstly. According to the sensor error analysis and modeling, we find that five parameters of each POL-neuron channel need to be estimated:
, α i and φ. The first four parameters can be considered as constant, while φ is changing with the known input polarization angle, and we denote it as u. u is the known input for calculating the φ. If u is different, then φ is different. In theory, u should equal the relative variation of φ. We install the polarization sensor on a turntable (See Fig. 7) , the sensor can rotate at fixed frequency, such as one degree per ten seconds. Then u is a known angular increment, and we can calculate the next time φ in terms of u and current φ. At time t = t k ∈ R with t k = t k−1 + δt k−1 , where δt k−1 is the sampling time. For the AOP, φ at t k , we have
where w φ k−1 is assumed to be Gaussian noise.
Let
then, the state equation can be written as
where
Based on the output value of the polarization sensor with multiple source errors from equation (6), the measurement model of the bionic polarization sensor is established by six channels output intensity value as the measurement. The measurement equation is given by
in which I i,k is the value of I i at t k ;α i,k is the value ofα i at t k ; v k is the measurement noise, which is Gaussian white noise of zero mean, and the covariance matrix is R k . Combing equation (11) and (12), then we have the model of polarization sensor with multi-source errors as:
Remark 1: The AOP and DOP can be calculated easily based on the LS method from equation (8) . However, the scale factors K I i andK i and the installed error α i should be available for evaluation. Thus, the calibration method is needed for the polarization information process.
Remark 2: When the scale factors K d i from DOP coefficient and the installed error α i are ignored, i. e., K d i = 1 and α i = 0, the AOP and DOP can be calculated directly from the equation (4) without calibration, the details can be found in the paper [19] .
IV. PROPOSED CALIBRATION METHOD
According to the polarization sensor analysis and modeling, the state equation and measurement equation of sensor with multi-source errors have been obtained. Then our next goal is to estimate the unknown state based on the filtering technique. Two filters, the EKF and UKF, are designed to estimate the state and are compared with the LS method.
From the principle of polarization sensor, we know the photoelectric conversion process from the skylight to the electrical signal. As shown in Figure 3(b) , the incident light passes through the filter and then is transmitted through a polarizer to the photo-diode. Because intensity of the incident light is the same, the response of polarization sensor should be consistent in theory. However, in the practical application, the response of the sensor is inconsistent. This inconsistency is mainly from some part of skylight not polarizing and interfere from noise. In order to reduce the effect of inconsistency, we revise the measured light intensity under the same incident light intensity. This process is called coarse calibration. The total calibration process mainly includes two steps: the first step is the coarse calibration (CC) to revise the measurement, and the second step aims to design a filter for estimating the unknown states.
A. THE COARSE CALIBRATION
The values of I i (i = 1, 2, · · · , 6) of each channel without coarse calibration are obtained from measurement, which is shown in Figure 5 .
The light intensity of six-channel measurements is fitted based on the linear parameter, which is described aŝ
whereÎ i is the calibrated measurement under the same incident light intensity, β i is the parameter to be calculated. The lost function of inconsistency response error is given by
where k is the number of measurement, I in,k is the given incident light intensity at t k . Then the optimal β i can be obtained by the LS method. The intensity of light after coarse calibration is shown in Figure 6 . Comparing with Figure 5 , one can see that the output intensity of light in Figure 6 have same amplitude, then the effect of inconsistency can be considered as suppression by coarse calibration. When the coarse calibration is complemented, the measurement equation should be revised. In this paper, we still use the same symbol to describe the revised measurement equation for simplicity.
B. CALIBRATION METHOD BASED ON EKF
Since the measurement equation in (13) is non-linear, in order to obtain the estimate of unknown state, the EKF method is proposed in this paper. Firstly, it is easy to find that the state equation in (13) is linear, thus the time update in the EKF is the same with standard linearized Kalman filter, which is given bŷ
wherex − k is the prior estimation before the measurement at t k step is available, and its prior covariance matrix is P
is previous posterior estimate at t k−1 step, and its covariance matrix is P + k−1 . Secondly, on the basis of coarse calibration, the measurement is available for designing the filter during the process of measurement update. However, the measurement equation in (13) is non-linear, in order to approximate the unknown nonlinear function, the first-order of linearization of nonlinear function h at x − k is needed. Then, the Jacobi matrix atx − k is given by
in terms of H k , the EKF filter gain M k at t k is calculated by
Then, the time-update equations are given aŝ
By combining (16)- (17) and (18)- (19) , the extended Kalman filtering algorithm can be summarized by table 1 . Some details of the EKF can be found in [26] .
C. CALIBRATION METHOD BASED ON UKF
As one of the linearized methods, the EKF algorithm uses only the first-order expansion of non-linear function to approximate the unknown nonlinearity. Due to the local linearization, the EKF may become very difficult to tune and gives unreliable estimates for the severe non-linear systems [27] . Recently, UKF becomes an alternative method to EKF. Unlike the EKF, it uses function evaluation of sigma points to approximate the non-linear function. It is true that the UKF obtains the mean and covariance approximation of the non-linear function, and it has less linearization error [28] . In order to improve the accuracy of the estimation method, the UKF is designed to estimate the unknown state in (13) . Similar to the EKF, UKF also contains two stages: time update and measurement update. Since the state equation in (13) is linear, it is unnecessary to find a set of sigma points in the time update. The time update in UKF is same as the EKF, which is given bŷ
In the measurement update, we choose 2 * 19 sigma pointŝ x (i) k as follows:
where nP
is ith row of nP − k . Then, the transformed set is calculated bŷ
the measurement prediction and innovation covariance can be computed aŝ The UKF filter gain is determined by
T w i is the weight coefficients, and in this paper it is given as 1/38. Finally, the measurement update equations are given bŷ
The block diagram as shown in table 2. More detail of UKF can be found in [26] .
Remark 3: In paper [23] , a method based on the UKF is proposed to estimate the error, however, the actual installation error and degree of polarization coefficient aren't considered, which are needed to calibrate. More types of error sources are not only analyzed in this paper but also a process of coarse calibration is proposed to normalize the light intensity. Then the normalized light intensity is used as the measurements to calibrate the multi-type source based on the EKF and UKF.
V. CALIBRATION EXPERIMENTS
In order to evaluate the effectiveness of the proposed method, the simulation and experiments are conducted under the same external experimental conditions. The simulation results are carried out prior to the experiment to access the performance of the proposed method. The proposed calibration methods based on the EKF and UKF are compared with the LS method [29] . In the experimental process, the range of AOP is set to the range of [0, 2π]. The setup of the calibration method is divided into three parts. First, the 0 • of the polarizer is defined as the sensor reference direction. The initial AOP is assumed to 0 • . Second, the turntable rotates at a uniform and fixed speed, in this experiment the angular increment value is 1 • in one second. The rotation of experimental turntable degree is greater than 360 • in each measurement period. Finally, the output measurement of the POL-neuron unit is sampled as the output record of the bionic polarization sensor in the process of rotation. Figure 5 shows the relationship between the output of the sensor and input AOP. It can be verified that the response of the six-channel measurement unit consistent with sinusoidal signal according to Malus' law. The structure of the test equipment is shown in Figure 7 . It consists of an integrating sphere uniform source, a linear polarizer, rotating turntable, power supply, and corresponding controller. The integrating sphere uniform source supplies a stable and continuous uniform light. The light from integrating sphere passes through the linear polarizer principal axis (the component parallel to its transmission direction), and it can be measured by the polarization sensor. The polarization sensor is installed on the rotating turntable, which is able to provide the accurate rotating angle with 1 • each second. When the turntable rotates up to 360 • , the output intensity value should be accorded with a sinusoidal signal.
Ideally, the output intensity value is consistent with the theoretical model, but the amplitude of each channel is different from each other in fact. As we mentioned in the error analysis, because of the interference of the multi-source errors, the accuracy of the sensor is constrained, and the initial output intensity response also confirms the effect of the error. The coarse calibration is required. Figure 5 is shown that the response of output intensity of light without the coarse calibration, and Figure 6 is the output intensity of light with the coarse calibration. In terms of coarse calibration, the inconsistency from skylight light interference can be reduced, then the normalized light intensity can be used as the measurement to design the filter.
A. SIMULATION EXPERIMENT
According to the requirement of experimental measurement, the three methods are simulated and analyzed. The error of AOP, which is calculated based on the before and post-calibrated parameters, is used as the benchmark to value the effectiveness of proposed calibration methods. The accurate parameters are assumed to be known to access the performance of proposed methods in the simulations, the sensor parameters are given in table 3.
With the above assumed parameters, the sensor parameters are estimated by the LS method, EKF, and UKF. The estimation of parameters based on the EKF and UKF algorithms are convergent to a stable value, one can calculate the mean of the stable value from the convergent time until the last time during the simulation, then the results of the EKF and UKF algorithms are obtained. The relative errors are also offered to illustrate the performance of proposed filters based on the true parameters in the table 3. The estimation and corresponding relative errors of scale factor, DOP coefficient, and installation error are given in the table 4-6. From the tables, it is obvious that the EKF and UKF have much better accuracy than LS, while the EKF has better performance than UKF. The EKF seems to be more practical than UKF for the simulation in table 4-6. After the coarse calibration, the estimation based on the EKF and UKF have a stable relative error for different channels. For the installation error In the calibration of DOP, the maximum error of the LS method is 0.0463, the standard deviation is 0.0285, the maximum error of DOP is not more than 0.05, and the measurement accuracy is high when the calibration is done by the EKF and UKF algorithms. The results of the experiment are shown in table 9. Table 10 shows the results of the AOP errors with different simulation times. Through multiple experiments, it is proved that UKF and EKF are convergent, and the standard deviation is stable near 0.3452 • and 0.1163 • respectively. This proves the accuracy and robustness of our algorithms.
B. SENSOR INDOOR EXPERIMENT
The validity of the sensor model and calibration method has been validated on the simulation data, but the application of the polarization sensor under the actual measurement environment is affected by the external interference, which deteriorate the performance of the optical measuring device. In this section, we test the static precision of the polarization sensor under the actual light source condition, as shown in Figure 7 . According to the test requirement, the bionic polarization navigation sensor to be measured is fixed on the turntable, and the turntable is the tooth partition table. The integral sphere can provide uniform natural light with different intensities, and the luminous uniformity is greater than 98%. The natural light of the integral sphere produces VOLUME 7, 2019 standard linear polarized light through a linear polarizer. The polarization sensor is installed in the integral spherical outlet, after receiving the incident light, the photodiode produces the corresponding current signal, and then collects the related data to be processed further on the computer. Similar to the simulation experiment, the parameter identification results are shown in table 11, 12, 13 based on figure 12-14, and the AOP error contrast diagram is illustrated in Figure 14 .
From Fig. 14 , it can be observed that the EKF and UKF algorithm curves are stable and smooth, the calibration accuracy is high and the experimental results are shown in table 14 and 15.
The above experimental results show that both UKF and EKF calibration methods based on the six-channel multisource errors of the bionic polarization sensor have great improvement compared with the LS algorithm. Comparing the simulation results, it is found that under the same conditions, the UKF and EKF have a significant reduction in average error and std error in comparison with the LS method. The maximum errors of AOP are 0.1712 • and 0.1800 • , and the standard deviation is 0.0459 • and 0.0348 • . Compared with the LS algorithm, the maximum error of AOP is not exceeded 0.3 • , and the accuracy is increased about 3 times.
VI. CONCLUSIONS
In this paper, we presented a calibration method for the bionic polarization navigation sensor with multi-source errors.
Different from the existing model, not only the error of the extinction ratio and the scale factor are considered, but also the installation error of the sensor is analyzed and modeled. We also proposed a coarse calibration method to reduce the effect of inconsistency, then the calibration method based on EKF and UKF are designed to estimate and calibrate to improve the accuracy of the sensor. After calibration, the standard deviation errors of AOP in the simulation experiment are 0.3477 • and 0.1186 • based on UKF and EKF, which proves the validity of the calibration method. In indoor experiments, the UKF and EKF achieve an accuracy of 0.0459 • and 0.0348 • . It is one of the future work to carry out the verification and analysis of the calculation method through the outdoor experiment data, including designing the outdoor experiment and analysis. The application of polarization navigation sensor in the unmanned aerial vehicle (UAV) is also a very relevant topic in our future research.
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